AN APPROACH TO SELF-EXTENSION:

REASONING ABOUT DIFFERENT EPISTEMIC
ACTIONS AND UNCERTAINTY FOR

AUTONOMOUS KNOWLEDGE GATHERING

Marc Hanheide, University of Lincoln

W .

LINCOLN
ROBOTICS _ e -

France




DISCLAIMER: NO [ICUB!




AN APPROACH TO SELF-EXTENSION:

REASONING ABOUT DIFFERENT EPISTEMIC
ACTIONS AND UNCERTAINTY FOR
AUTONOMOUS KNOWLEDGE GATHERING

Marc Hanheide
University of Lincoln (was Birmingham)

Alper Aydemir Andrze] Pronobis

Richard Dearden \,

Moritz Gobelbecker C':E'\
Charles Gretton

Nick Hawes Michael Zillich

. Cognitive System that
Patric Jensfelt Self—Undgerstand >z;md Self-Extend and many more...

Kristoffer 5j606

Markus Vincze

Jeremy Wyatt




AMAZONOOUK o v 7o v mmmmssins v e i s e e e S

e e aa o e Nans e - & Wt L e

Your Service Robot

- cahoe weew o r » ' » Uiy 1 ©
" wnees WY,
b fzmwlMMMMCQmw-mwucw Debwery. 264 S0t 2 candaees -
P L R e e
Tosnpuia By i o hus®
B e L I e I A I e L I e I e e e TR S L L T ~.~m -

AW WA et S e A
DR S ol v Dy AN 0O W8 T el Pew e

Praothivet Aetba e




ABILITIES

. . ... In human-shared
provide services... .
e — environments

S——

operate in the ... even though it’s
real world... full of uncertainties
be adaptive... ... but don’t learn

from scratch

R —




ARE YOU HUNGRY?

> 45000 views

Kunze, L. et al., 2012. Searching Objects in Large-scale Indoor Environments: A Decision-theoretic Approach.
In IEEE International Conference on Robotics and Automation. pp. 4385-4390.
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WHAT IF...

.. the object is not!

| ... the robot |
at (X,Y.2)? | wouldn’t know |
. the map would be =~ Where the shop/ |
unknown (no global § fridge is? |
coordinates)? |
.. the common- ¢
.sensingwould | ___ ¢ ___ sense knowledge &
be uncertain? | would be wrong? |

Kunze, L. et al., 2012. Searching Objects in Large-scale Indoor Environments: A Decision-theoretic Approach.
In IEEE International Conference on Robotics and Automation. pp. 4385-4390.



A ROBOT IN MY (OLD) HOME




“Essentially a T-shirt on a
stick with a wheeled base and
camera for a face, Dora’s
- draw is her brain.”

[New Scientist]




IF... THEN!

object Is not ... the robot

i wouldn’t know

.. the map would be | Where the shop/ |
unknown (no global, | Kitchen is?
coordinates)? ¢

0

... the common- |
sense knowledge |
would be wrong? .

Hanheide, M. et al., 2011. Exploiting Probabilistic Knowledge under Uncertain Sensing for Efficient
Robot Behaviour. In Proc. Int. Joint Conf. on Artificial Intelligence (IJCAI).
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HOW DOES DORA SEE
OBJECTS?

* 2D image SIFTs + 3D surface SIFTs correspondence
« RANSAC based pose estimation [Prankl, 201 0]

* based on known
CAD mode]
and texture

* requires pre-
trained models




PLANNING TO SEARCH

» Take Into account the characteristics of CV operators

» [sotsos et al. (2010)

Position 1, Sensing Action 2

« Limitations:
* range

* pre-mapped

* foCcus
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MORE KNOWLEDGE

cornflakes

where Is the
kitchen?

—

living room

where can |
find cereals?

Hanheide, M. et al. Exploiting Probabilistic Knowledge under Uncertain Sensing for Efficient Robot Behaviour. [[CAI 201 1.



WHERE 1O SEARCH?
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.
appearance models say:
this is not a kitchen!

Pronobis et al.; Multieriedal Semantic Place Classification
International Journal of Robotics ResearchH (1JRR), 2010



DORA

According to this plan, it iSmest efficient to -
drive to a room more like g a kitchen.




DORA SEARCHES THE KITCHEN
-
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RESULTS

20 runs BHAM

wwrdcrred

10 runs KTH

Dora failed to find the object in first place, went
back to the living room and returned to the kitchen

cornflakes
Kitchen

living room

... sensing would
in?
be uncertain?




THE MESSY STUDENT
APARTMENT

cornflakes

... the common- /!

sense knowledge ‘! living room

would be wrong? corridor

conf.  obj. loc. lesion gsucc./ftot. avg.
H time H

FC kitchen no 10/10 5.8min

LC Kitchen yes 9/10 [ 1.3min

FNC liv. room, no 3/3 10.2min




DEALING WITH
UNCERTAINTY

* sensing algorithms can fall
You know that,

do you!

* not seeing the object
* mis-classifying a room

* common-sense knowledge can be wrong, even
though useful In most cases

it’s all so uncertain... how to deal with it?

Hanheide et al.; [JCAl, 201 |



Deliberative
Layer

THE COGX APPROACH
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Concetual
Layer

tasks
——>>|

Continual switches Decisiop-
Planner T = theoretic
Planner

g
56—
o

=

Chain Graph
Inference

Domain
Model

Competence

instances

Executor
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translated
actions

Layer
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Navigation Search sation
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Co-
Dialogue gersoE occurrence
earc Analysis

domain-independent deliberative layer

* plan autonomous behaviour to accomplish
various goals iIn complex, probabillistic state
Spaces

domain-dependent conceptual layer

 accommodates probabilistic domain and
instance knowledge

competence layer

* Implements sensing and acting

implemented using CIAXST (not YARP)

http://www.cs.bham.ac.uk/research/projects/cosy/cast/




Switching Planner

probabilistic <> predefined

non-probabilistic inferred
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"HARVESTING COMMON
SENSE

* leverage common-sense knowledge implicitly available in the
world wide web

» object and location concepts are "bootstrapped’ from the
locations’ database provided by the Open Mind Indoor
Common Sense (OMICS) database (Honda Research USA)

* co-occurrence frequency yielding
probabillities estimated by
counting the number of hits in an
Image search engine

t‘)«r\g —




probabilistic <> predefined

[Pronobis, ICRA | 2]

non-probabilistic inferred
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CHAIN GRAPH REASONING
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Lauritzen et al: Chain graph models and their causal interpretations,
J. Roy. Statistical Society, 2002



INFER THE ROOM CATEGORY
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THE COGX APPROACH

S ———
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domain-independent deliberative layer

* plan autonomous behaviour to accomplish
various goals iIn complex, probabillistic state
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domain-dependent conceptual layer

 accommodates probabilistic domain and
instance knowledge

competence layer

* Implements sensing and acting

implemented using CIAXST (not YARP)

http://www.cs.bham.ac.uk/research/projects/cosy/cast/




PLANNING UNDER
UNCERTAINTY

- world state cannot be observed directly (uncertain sensing)

* “naturally” represented as POMDP

» probabilistic state space can be intractably huge (here ~10%7)

- domain-independent solution: switching planner

* make assumptions In a sequential session to generate most
rewarding trace

* contingent session for observation planning

» (dis)confirmation of assumptions by contingent session

Hanheide et al,, [|CAI 201 |
Gobelbecker et al.,, AAAI 201 |



SWITCHING PLANER

l Continual Planner |<7

» Continual (classical) planner: good S il
performance, given useful absorvatn
: > ]
» Decision-theoretic POMDP planner: [ pecsion-theorstic ianner ]

very good at reasoning about how
observations provide evidence
about the underlying world state

Policy for achieving observation

* Switch between sessions to explort l Iy

bo_th ’S Strengths l Plan Execution '




ﬁm - execute sequential plan until there is a

sensing action

i gr'S -Inme

&hen * invoke DT planner on abstract problem by
@@ retracting assumptions

* assumptions are retracted In ascending

move robot place2

order of the condritional entropy

p(y')
H(X|y) — Z p(ﬂ? A y/) IOgZ p(x A y/)
reX,y’ €{y,~y}

look-at-object cornflakes

place2

e 2
Comms

with y being the assumption, and X the set

move robot place17

of propositions In the abstract DT process

report-position robot * retraction of deterministic assumptions

human cornflakes

stops when N(=150) states are true with
non-zero probabillity



assume category roomO
kitchen

move robot place2

look-at-object cornflakes
place2

move robot place17

report-position robot
human cornflakes

move robot place3

look-for-object cornflakes
place3

negative observation

move robot place4

look-for-object cornflakes
place4

POSItive observation

move robot place5

look-for-object cornflakes
place5

negative observation

commit is-in cornflakes

place4




IF... THEN!

object Is th' ... the robot

N (X’Y’Zl?—-—':fj wouldn’t know
... the map would be ! where the shop/ |

unknown (no global, | Kitchen '_S_?__..\ l/)
coordinates)? ¢

... the common- |
sense knowledge | _

would be wrong? () |

Intey
dc tl Ve
VHyPOthes i

Hanheide, M. et al., 2011. Exploiting Probabilistic Knowledge under Uncertain Sensing for Efficient
Robot Behaviour. In Proc. Int. Joint Conf. on Artificial Intelligence (IJCAI).



John's cup

.......

Vacquire alarge map “‘by |
| hand” prior to any useful

better reason inan | __
“open” world and allow ;
to self-extend




EXPLORATION

 active visual search in unknown
larger scale space

Placeholder . oyp|ojt existing knowledge or
licit hypothesis)

' l explore new hypotheses

| generated from an analysis of
the local metric map (frontiers)

» rooms Yield probabllities to
find objects

» Informed, task-driven
exploration or curiosity-driven
exploration
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TASK-DRIVEN OPEN-WORLD
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IF... THEN!

object is néqt' ... the robot

at(X’Y’Zl?——-':f) wouldn’t know
... the map would be | where the shop/ |

__unknown (no global, Kitchen '_S_?__..\f)

y ,/} coordinates)? ¢

... sensing woulc. ¥
be uncertain? P

... the common- ¢
sense knowledge | _

would be wrong? ) }
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Hanheide, M. et al., 2011. Exploiting Probabilistic Knowledge under Uncertain Sensing for Efficient
Robot Behaviour. In Proc. Int. Joint Conf. on Artificial Intelligence (IJCAI).



“Why did | not find the cornflakes!...

* Could that cornflakes are in a cupboard?

e Could It be that this room isn't a kitchen?

e Could It be that cornflakes are usually in offices!

e Could It be that the cornflakes are not in this room?”




EXPLAINING SURPRISES
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CREATING HYPOTHESES
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VERIFYING HYPOTHESES

ARE CONTAINERS
TYPICALLY IN
MEETING ROOMS?
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Switching Planner

probabilistic <> predefined
non-probabilistic inferred

Object Room Room Property

s T

Shépe Appeérance
Milk - 35 Elongated Office-like
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Kitchen
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attribution

\

Object Topology & Map Shape & App'e’arance
Detection Maintenance Classification




S TT AN OFFICE?

engage

l
|

ask-polar-cat




IF... THEN!

object Is not ... the robot c

at (X,Y,2)? ¢ l/) wouldn’t know |
.. the map would be |~ Where the shop/ |
unknown (no global, | Kitchen '.S_?._.n\ 0

? Aut

0

coordinates)

... the common- |
sense knowledge |
would be wrong? ./}

Hlnter actil/e
Erificy tion




BU [...

| can’t
get you a
sandwich...




1THE END

¢ D O ra: A S>/Ste m <n O_t O n |>/> fo r provide services... ... In human-shared environments
object search

operate in the real ... even though it’s full of
world... uncertainties

* explorting common-sense | |

. ® be adaptive... ... but don’t learn from scratch
knowledge for efficien ",\.‘

exploit

» deals with uncertainty for
robustness

deal with uncertainties!
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in this room, her probabilistic réason|

learns through interaction to siso o b o consiler the pofl
of finding the object inather r .

» explores Its environment and In casdsKe Mnu;

extend Its knowledge

http://cogx.eu




